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PREDICTING VENTRICULAR
FIBRILLATION

CROSS REFERENCE TO RELATED
APPLICATIONS

This application is a National Phase of PCT Patent
Application No. PCT/IL.2019/050999 having International
filing date of Sep. 5, 2019, which claims the benefit of
priority from U.S. Provisional Patent Application No.
62/727,611, filed on Sep. 6, 2018, entitled “PREDICTING
VENTRICULAR FIBRILLATION,” the contents of which
are all incorporated by reference herein in their entirety.

FIELD OF THE INVENTION

The invention relates to methods for predicting ventricu-
lar fibrillation.

BACKGROUND OF THE INVENTION

Cardiovascular disease is the most prevalent cause of
death in the developed world, responsible for 35% of all
death cases in the US. It is estimated that ~50% of cardiac
death cases are sudden, and that up to two-thirds of sudden
cardiac death (SCD) cases occur as the first clinical mani-
festation of a major cardiac disorder. Current literature states
that in 25%-35% of all cardiac arrest cases, the rhythm
recorded in first contact with the patient is VF. In 50% of all
cases in which asystole is measured, it is estimated that the
vast majority were preceded by VF.

The immediate treatment of VF is cardiopulmonary resus-
citation to preserve brain perfusion, followed by the admin-
istration of an electric shock (defibrillation) in order to
restore sinus rhythm. Success rates of immediate resuscita-
tion in primary cardiac arrest during acute myocardial
infarction in a monitored setting exceed 90%. Survival rates
are thought to decrease linearly by 10% for each minute
passing between the onset of VF and beginning of resusci-
tation. The importance of immediate treatment is further
emphasized by the fact that most of the patients that do
survive after a 4 to 6 minute delay in treatment (25-30%),
suffer extensive and irreversible brain damage.

The importance of immediate treatment has led to the
implementation of community response systems and
deployment of automatic external defibrillators. These steps
have significantly improved the survival rate in out-of-
hospital settings, but there is still room for improvement. For
very high-risk patients who experience frequent bouts of VF,
the treatment of choice is an implantable cardioverter defi-
brillator (ICD)—a device that continuously monitors the
electrical activity of the heart and terminates VF events by
delivering a burst of fast pacing or an electric shock if
needed. ICD candidates comprise a negligible fraction of
total SCDs in the general population.

Several research groups have attempted to develop algo-
rithms that successfully predict VF. Li & Dong implemented
a VF detection and prediction algorithm based on methods
from complex network theory (X. Li and Z. Dong, “Detec-
tion and prediction of the onset of human ventricular fibril-
lation: An approach based on complex network theory,”
Phys. Rev. E-Stat. Nonlinear, Soft Matter Phys., vol. 84, no.
6, pp. 1-4, 2011). They applied a visibility graph method on
10-second ECG time series to identify the prevalence of
different motifs and classified the interval as VF or normal
sinus rhythm with sensitivity and specificity of 96.5% and
89.5%, respectively. VF onset was predicted based on the
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2

mean rate of change in the prevalence of the various motifs,
with sensitivity of 85% and specificity of 88.8%, 5 to 290
seconds before onset.

Nearing & Verrier developed a robust algorithm for
measuring T-wave alternans (the fluctuations in the ampli-
tude of T-waves in ECG data), which have been shown to
have a strong correlation with VF (B. D. Nearing and R. L.
Verrier, “Modified moving average analysis of T-wave alter-
nans to predict ventricular fibrillation with high accuracy,”
J. Appl. Physiol., vol. 92, no. 2, pp. 541-549, 2002). They
developed an algorithm for analysis of variations in heart
rate, noise, and other interferences. The algorithm (termed
“modified moving average analysis of T-wave alternans™)
analyses ECG data in the time domain, and subsequently can
be used in real time for the prediction of VF.

In both these cases, the authors used ECG readings as
their source for predicting VF. However, it is unrealistic for
the patients to wear a mobile ECG monitor continuously.
Moreover, Nearing and Verrier make no mention of the exact
time interval used for prediction, and how early it was prior
to the onset of VF.

Other research groups used heart rate variability (HRV)
parameters as their basis for prediction. Sarusi et al. inves-
tigated the predictive power of beat to beat variability (BVI)
for VF in ischemic isolated mouse hearts (A. Sarusi et al.,
“Absolute beat-to-beat variability and instability parameters
of ECG intervals: Biomarkers for predicting ischaemia-
induced ventricular fibrillation,” Br. J. Pharmacol., vol. 171,
no. 7, pp. 1772-1782, 2014). They measured ECG signals of
various length and found that absolute (not omitting abnor-
mal sinus rhythm intervals) BVI parameters which quantify
the variability of the repolarization had the best predictive
power. However, these experiments were performed on
isolated hearts and not on humans.

The foregoing examples of the related art and limitations
related therewith are intended to be illustrative and not
exclusive. Other limitations of the related art will become
apparent to those of skill in the art upon a reading of the
specification and a study of the figures.

SUMMARY OF THE INVENTION

The following embodiments and aspects thereof are
described and illustrated in conjunction with systems, tools
and methods which are meant to be exemplary and illustra-
tive, not limiting in scope.

There is provided, in an embodiment, a method compris-
ing: at a training stage, training a machine learning algo-
rithm on a training set comprising: (i) Heart Rate Variability
(HRV) parameters extracted from temporal beat activity
samples, wherein at least some of said samples include a
representation of a Ventricular Fibrillation (VF) event, and
(i1) labels associated with one of: a first period of time
immediately preceding a VF event in a temporal beat
activity sample, a second period of time immediately pre-
ceding the first period of time in a temporal beat activity
sample, and all other periods of time in a temporal beat
activity sample; at an inference stage, receiving, as input, a
target HRV parameters representing temporal beat activity in
a subject; and applying said machine learning algorithm to
said target HRV parameters, to predict an onset time of a VF
event in said subject.

There is also provided, in an embodiment, a system
comprising at least one hardware processor; and a non-
transitory computer-readable storage medium having stored
thereon program code, the program code executable by the
at least one hardware processor to: at a training stage,
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training a machine learning algorithm on a training set
comprising: (i) Heart Rate Variability (HRV) parameters
extracted from temporal beat activity samples, wherein at
least some of said samples include a representation of a
Ventricular Fibrillation (VF) event, and (ii) labels associated
with one of: a first period of time immediately preceding a
VF event in a temporal beat activity sample, a second period
of time immediately preceding the first period of time in a
temporal beat activity sample, and all other periods of time
in a temporal beat activity sample; at an inference stage,
receiving, as input, a target HRV parameters representing
temporal beat activity in a subject; and applying said
machine learning algorithm to said target HRV parameters,
to predict an onset time of a VF event in said subject.

There is further provided, in an embodiment, a computer
program product comprising a non-transitory computer-
readable storage medium having program code embodied
therewith, the program code executable by at least one
hardware processor to: at a training stage, training a machine
learning algorithm on a training set comprising: (i) Heart
Rate Variability (HRV) parameters extracted from temporal
beat activity samples, wherein at least some of said samples
include a representation of a Ventricular Fibrillation (VF)
event, and (ii) labels associated with one of: a first period of
time immediately preceding a VF event in a temporal beat
activity sample, a second period of time immediately pre-
ceding the first period of time in a temporal beat activity
sample, and all other periods of time in a temporal beat
activity sample; at an inference stage, receiving, as input, a
target HRV parameters representing temporal beat activity in
a subject; and applying said machine learning algorithm to
said target HRV parameters, to predict an onset time of a VF
event in said subject.

In some embodiments, some of said samples do not
include a representation of a VF event.

In some embodiments, said target HRV parameters are
extracted from a signal representing beat activity, and
wherein said signal is acquired from said subject in real
time.

In some embodiments, the method further comprises
segmenting, and the program instructions are further execut-
able to segment, said target signal into a series of consecu-
tive segments, wherein each of said segments comprises (i)
a current beat, and (ii) a specified number of immediately
preceding beats.

In some embodiments, said specified number is between
60 and 1000.

In some embodiments, said extracting comprises continu-
ously extracting said target HRV parameters from each of
said segments in said series of consecutive segments, and
wherein said applying comprises applying said machine
learning algorithm to each of said extracted ¢ HRV param-
eters.

In some embodiments, said training set is generated by: (i)
dividing each of said samples into a plurality of sample
segments, based, at least in part, on a specified minimum
number of said beats in each of said sample segments; (ii)
randomly selecting one or more subsets of said sample
segments from said plurality of sample segments; and (iii)
combining one or more of said subsets into said training set.

In some embodiments, said specified minimum number is
determined, at least in part, based on a size of a desired
receptive field of said machine learning model.

In some embodiments, said segmenting is based, at least
in part, on detecting beat intervals in said signal.
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4

In some embodiments, said HRV parameters and target
HYV parameters are determined, at least in part, based on an
HRYV feature vector extracted from said signal.

In some embodiments, said signal is at least one of an
action potential signal, an electrogram signal, an electrocar-
diograph (ECG) signal, and a photoplethysmogram (PPG)
signal.

In some embodiments, said HRV parameters and said
target HRV parameters include at least one of: Average NN
interval duration (AVNN); standard deviation of NN interval
duration (SDNN); a square root of the mean of the sum of
the squares of differences between adjacent NN intervals
(RMSDD); percent of NN interval differences greater than
xx milliseconds (pNNxx); coeflicient of variation (CV);
variance of the Modified Shannon Entropy across consecu-
tive beat intervals (yyVar); very low frequency (VLF) band
power; low frequency (LF) band power; high frequency
(HF) band power; VLF, LF, and HF power combined; ratio
between VLF power and the power of all VLF, LF, and HF
bands combined; ratio between LF power and the power of
VLF, LF, and HF bands combined; ratio between HF power
and the power of all VLF, LF, and HF bands combined; ratio
between LF power and HF power; slope of the log-log
frequency plot in the VLF band; percentage of inflection
points (PIP); inverse average length of the acceleration/
deceleration segments (IALS); percentage of short segments
(PSS); and a percentage of NN intervals in alternation
segments (PAS).

In some embodiments said predicting further comprises
issuing a notification with respect to said onset time of said
VF event, and wherein said notifications is issued within a
specified time of said predicted onset time of said VF event.

In some embodiments, said extracting further comprises
filtering said signal to remove beats associated with non-
normal sinus node polarizations.

In some embodiments, said filtering is based on one or
more of: range-based filtering, moving average filtering, and
quotient filtering.

In some embodiments, said machine learning model com-
prises a convolutional neural network (CNN).

In some embodiments, said CNN is a temporal convolu-
tional network (TCN).

In some embodiments, said samples are labelled with said
labels.

In addition to the exemplary aspects and embodiments
described above, further aspects and embodiments will
become apparent by reference to the figures and by study of
the following detailed description.

BRIEF DESCRIPTION OF THE FIGURES

Exemplary embodiments are illustrated in referenced fig-
ures. Dimensions of components and features shown in the
figures are generally chosen for convenience and clarity of
presentation and are not necessarily shown to scale. The
figures are listed below.

FIG. 1 illustrates an exemplary system architecture,
according to an embodiment;

FIG. 2 illustrates the results of the prediction model on the
entire study cohort presented as a Kaplan-Meyer curve, in
which the base assumption was that a successfully predicted
event was prevented and the patient survived; and

FIG. 3 illustrates the interface of an application running
the computer program product of the invention, according to
an embodiment.

DETAILED DESCRIPTION

Disclosed herein are a system, method, and computer
program product for monitoring for imminent ventricular
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fibrillation (VF) events. These may be embodied, for
example, in a portable computing device, optionally a wear-
able one (e.g. a computerized wristband, computerized
watch, etc.), which continually monitors a subject at risk for
a VF event or a computer program product that calculates
the risk of VF from physiological signals that were measured
by such device and transmitted to the computer.

The operation of the heart can be thought of as a dynamic
process, with the difference in electric potential between
electrodes connected to the body or the infrared light absor-
bance of the finger as the signal and the electrocardiogram
(ECG) or photoplethysmogram (PPG) as a time series.
Another signal that may be derived from the heart’s activity
is heart rate and the corresponding time series is the lengths
of time intervals between consecutive beats. the annotation
x(t) will be used for a continuous time signal, and the
annotation x[n] for the nth sample in the time series.

In some embodiments, machine learning algorithms may
be used for time series analysis. Classic models such as fully
connected neural networks are hard to use because of the
varying length of inputs and the high computational cost.
Thus, two specialized model architectures were developed
for data with serial nature as the time series: recurrent neural
networks and temporal convolutional networks.

Recurrent neural networks (RNN) are artificial neural
networks that process serial data one step at a time. Con-
volutional Neural Networks (CNN) are a class of artificial
neural networks that have been applied to sequences for
decades, and Temporal Convolutional Networks (TCN) are
a subtype of CNN optimized for dealing with data sequences
in real time. The networks receptive field in the present case
is the length of history that the network takes into account
at any given moment. In order to enhance the receptive field
without significantly deepening the network one can employ
dilated convolution. Formally, for an input sequence X[n]
and a kernel h of length k, the dilated convolution operation
of the sequence is defined as:

~
|

M

yirl=xxhy = » x[ilhln—d-i]

i
o

where d is the dilation factor. The receptive field can be
increased in two ways: choosing a larger kernel size k and
increasing the dilation factor d. The receptive field size can
be calculated as follows:

RF=(k-1)(d"*'-1) ()]

There are many additional advantages of using TCNs for
sequence modeling over traditional CNNs or RNNs [17]:
TCN models can be run in parallel using minimal compu-
tational power, they avoid the vanishing gradient problem,
they have low memory requirements for training and they
can receive inputs of varying length.

Heart Rate Variability

Normal heart rate is relatively, but not completely, regular.
Variations in heart rate, even between consecutive beats, are
thought to store important information regarding the heart’s
health. Thus, many methods have been devised to extract
significant features from the heart rate variability (HRV)
time series. These methods can be divided into three main
categories: time domain, frequency domain and nonlinear
features.
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Heart Rate Variability—Time Domain

Time-series analysis is a relatively simple means of
evaluating HRV over time. The time domain features there
were used are the following:
AVNN-—the mean of all beat intervals in a time window of
length N beat intervals:

P o

=X
N

AVNN =

SDNN-—The standard deviation of all beat intervals in a
time window:

_ 2 w3
SDNN = —~N-T

RMSDD—The square root of the mean of squares of
successive beat intervals:

@)

)
RMSDD =

pNNS50—The percentage of beat intervals with a difference
of 50 milliseconds or more from their preceding interval:

Zzl (x4t = x;) > 50 ms} ©)

NNSO =
P N-1

-100%

where ] is the Indicator Function and beat intervals are
measured in milliseconds.

CV—Coeflicient of variation of all beat intervals in a time
window. It is the quotient of AVNN and SDNN:

_AVNN
~ SDNN

cv M

yyVAR—The variance of the Modified Shannon Entropy
across 3 consecutive beat intervals:
Firstly, let the Modified Shannon Entropy be defined as the
difference between the absolute differences between 2 con-
secutive pairs in a 3-beat window:

®)

Si=1x;_o—x,_ g |-1%,_ -,

The average entropy is as follows:

DS o

N-2

S=

Thus, the variance can be defined as:

10
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Heart Rate Variability—Frequency Domain

In order to quantify cyclic fluctuations of beat intervals in
a specific time window, their power spectrum was calculated
via the Lomb Periodogram, and various features were
extracted from it. Three specific frequency bands that have
been found to have physiological relevance were analyzed:

Frequency Band Range

Very low frequency (VLF) 0.003-0.04 Hz
Low Frequency (LF) 0.04-0.15 Hz
High frequency (HF) 0.15-0.4 Hz

Frequency Domain Features are as follows:

Feature Name Description

VLF Power Total power in the VLF band

LF Power Total power in the LF band

HF Power Total power in the HF band

Total Power Total power in all 3 bands combined

VLF Norm The ration between VLF power and the power of all 3
bands combined

LF Norm The ration between LF power and the power of all 3
bands combined

HF Norm The ration between HF power and the power of all 3
bands combined

LF to HF The ration between LF power and HF power

Beta Slope of the log-log frequency plot in the VLF band,

calculated using the LMS technique

Nonlinear Methods

Due to the chaotic nature of the heart, nonlinear methods
must be employed to characterize its complex dynamics.
One way to characterize such dynamics is through heart rate
fragmentation [20]. Firstly, let the difference between con-
secutive beat intervals be defined as:

AX;=X~%;_,

The features that were used are as follows:

PIP—Percentage of inflection points: x; is an inflection
point if Ax,Ax,,;=0, that is to say, in X, there is an
inversion in the sign of heart rate acceleration.

TIALS—The inverse of the average length of segments

between inflection points (segments of acceleration/
deceleration).

PSS—Percentage of beat intervals that are in short seg-

ments between inflection points (3 or less).

PAS—Percentage of beat intervals that are in alternation

segments of at least 4 intervals. An alternation segment
is a segment of 4 consecutive beat intervals for which
all of them are inflection points.

Data

Due to the abrupt and lethal nature of VF, ECG recordings
containing events are few and far between. Furthermore, the
onset itself of VF can be termed a “rare event”, as in, it
happens only once per recording (if at all) and is represented
by a single data point out of thousands or millions per
recording. These factors were challenging to overcome, both
in data acquisition and in the ability to deduce from a
handful of samples to the general population.

The present system was trained and tested using ECG
recordings from PhysioBank (see A. L. Goldberger et al.,
“PhysioBank, PhysioToolkit, and PhysioNet: Components
of a New Research Resource for Complex Physiologic
Signals,” Circulation, vol. 101, no. 23, pp. e€215-e220,
2000). The specific databases used were the following:
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Sudden Cardiac Death Holter Database—23 complete
Holter recordings of varying duration (7-24 hours).
They include 13 men, ages 17-80, 8 women, ages 30-89
and 2 gender unknown. 3 recordings were excluded—2
were artificially paced and the 3™ didn’t contain a VF
event.

The MIT-BIH Normal Sinus Rhythm Database—18 long-
term ECG recordings of subjects that were found to
have had no significant arrhythmias. They include 5
men, aged 26 to 45, and 13 women, aged 20 to 50. One
recording was excluded for being of poor quality.

The Long-Term Atrial Fibrillation Database—84 long-
term ECG recordings of subjects with paroxysmal or
sustained atrial fibrillation (AF), typically 24-25 hours
long. Only 43 recordings were used, because many
were excluded for being of poor quality.

System Overview

In some embodiments, the present invention provides for
training a machine learning model (e.g., a classification-type
model or a regression-type model) on a training set com-
prising a plurality of temporal beat activity samples, wherein
some of the beat activity samples are associated with a VF
event, and some are not (and were either recorded in healthy
individuals, in VF-prone individuals who did not have a VF
event at the time of recording, or in individuals suffering
from other, non-VF, cardiac conditions).

For samples that are associated with a VF event, (a) a
certain period of time immediately preceding the event is
labeled with a first label (referred to herein as “alarm
desirable™), that indicates an alarm will be desirable for
similar HRV patterns at the inference stage, (b) another
period of time, immediately preceding the one labeled with
the first label, is labeled with a second label (referred to
herein as “irrelevant” or the like), which prevents the model
from giving this period a penalty (and thereby incorrectly
biasing the decision of whether to alarm or not when such
patterns occur), and (c) the remainder of the sample is
labeled with a third label, (referred to herein as “alarm
undesirable”) that indicates an alarm is not desirable for
similar HRV patterns at the inference stage. These labels are
merely textual descriptions of their nature, and it is explicitly
intended that any label may be used during training, as long
as there is a differentiation between the various categories.

For samples that are not associated with a VF event, such
as samples from healthy patients and from patients with
non-VF heart conditions, the label is “alarm undesirable” for
the entire duration of the beat activity samples.

In some embodiments, the model may be trained multiple
times, every time with a different length of time labeled with
the first label (alarm desirable). For example, that length of
time may be set to a different value in the range of 1-60
minutes (including any integer or decimal value in that
range) for each discrete training. Each possibility represents
a separate embodiment of the invention. Then, the accuracy
(e.g., specificity and/or sensitivity) of each trained model
may be tested, and the best-performing model chosen as the
one to be used at the inference stage.

Notably, even if a time length X is used for “alarm
desirable” in the training, VF events may be occasionally
alerted at the inference stage even beyond X minutes/
seconds before a VF event. Namely, time length X is chosen
during training because it is a period very close to the VF
event and therefore highly likely to include HRV patterns
that are unique to the onset of the event. At inference time,
it is likely that the same HRV pattern will occur even earlier
than in the training samples—and alerting as to such earlier
occurrence is certainly desirable.

In some embodiments, the trained model is used for
inference for multiple patients, without change. In other
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embodiments, training is performed de-novo for each patient
based on recordings from that particular patient. For
example, a patent attached to a monitoring device may first
undergo a training period in which no alerting is performed,
but rather a patient-specific model is trained based on the
beat activity of the patient and labels that are manually
added to that activity. After training is done, the model will
begin issuing alerts whenever an HRV pattern associated
with an onset of VF is detected. In yet other embodiments,
a combination of patient-specific training, and training that
was preformed for other patients, is used. The patient-
specific training will improve the model and allow it to
detect pattern intricacies not necessarily exhibited in
samples obtained for other patients.

In some embodiments, the beat activity samples are
preprocessed, to extract a plurality of HRV parameters
associated with each of the beat activity samples.

In some embodiments, in an inference stage, a machine
learning model is applied to an input signal representing
temporal beat activity in a subject, to predict an onset time
of a VF event in said subject.

In some embodiments, the input signal is preprocessed in
a process similar to the one applied to the training set, to
automatically extracting runtime HRV parameters from the
signal.

In some embodiments, the input signal is a continuous
signal received in real time. In some embodiments, the input
signal is segmented into a continuous series of segments,
wherein each of said segments comprises (i) a current beat,
plus (ii) a specified number of immediately preceding beats,
e.g., 120 beats, for a total of 121 beats in each segment.

In some embodiments, the specified number of beats is
between 50-2000, 50-1500, 50-1000, 50-800, 50-600,
50-400, 50-200, 60-2000, 60-1500, 60-1000, 60-800,
60-600, 60-400, 60-200, 70-2000, 70-1500, 70-1000,
70-800, 70-600, 70-400, 70-200, 80-2000, 80-1500,
80-1000, 80-800, 80-600, 80-400, 80-200, 90-2000,
90-1500, 90-1000, 90-800, 90-600, 90-400, 90-200, 100-
2000, 100-1500, 100-1000, 100-800, 100-600, 100-400, or
100-200 beats. Each possibility represents a separate
embodiment of the invention.

In some embodiments, the machine learning model is
configured for continuously predicting an onset time of a VF
event in each of the segments. In some embodiments, a
system of the present invention is configured for issuing a
suitable notification in connection with a predicted onset
time of a VF event.

In some embodiments, the training stage and/or the infer-
ence stage may be performed by a computerized wearable
device such as a computerized wristband, a computerized
watch, a computerized adhesive patch, a computerized waist
band or chest band, or the like. The computerized wearable
device may include a heartbeat sensor, such as a PPG sensor
or an ECG sensor, configured to sense temporal beat activity
in the subject wearing the device. The computerized wear-
able device may further include a processor and instructions
stored on a non-transient memory, which instructions per-
form the steps of the training and/or inference stages.

In some embodiments, the training stage and/or the infer-
ence stage may be performed, at least in part, by a non-
wearable monitoring device which includes a heartbeat
sensor, such as a PPG sensor or an ECG sensor, configured
to sense temporal beat activity in a subject attached to the
sensor, and optionally a processor and instructions stored on
a non-transient memory, which instructions perform the
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steps of the training and/or inference stages. Alternatively,
the processing may be performed externally to the monitor-
ing device.
Preprocessing of Beat Activity Data

In some embodiments, in a preprocessing stage applicable
both to runtime beat activity data and training beat activity
data, physiological input signals may be preprocessed to
obtain a plurality of HRV-related measurements. In some
embodiments, IBIs may be obtained via R peak detection in
ECG recordings using a state-of-the-art peak detector. Peak
detection yields a vector of all beat times (BT) from the
beginning of the recording up to the current time point for
which will be used the notation:

BT, (1D

_, BT,
BT(1) = BT, <i¥k=1,2,... ,n

BT,

For every new beat detected, let us define the vector of the
last N IBIs:

BT, n+1 =BT,y (12)
RPIn] = :
wl BT,y = BT,
BT, — BT, ,

This vector was named the “recent past” (RP) vector. Now
a feature space representation of the RP vector using M HRV
indices may be defined:

(R[] 13

gy = | 2 EPOD

¢ur(RPn])

Used N=121, M=19 and the HRV indices listed above
(Methods, Subsection C—Heart Rate Variability) were used.
The feature vector was normalized using Z-score normal-
ization:

14

Where, E is a vector of the means of the HRV indices and

g is their standard deviations. There is now can be defined
the history matrix as a matrix containing all the normalized
feature vectors until a certain time point, t, as a row of
column vectors:

SOOIV, § N+, ., G 1)
Alarm Desirability Function
In order to model the prediction of a rare event as a
supervised learning problem and maintain causality, an
advantageous approach was used referred to as the Alarm
Desirability Function (ADF). Let us consider a function:
p.Rmi_pg 1 (16)

(15)
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It is assumed that at time t,,,, there is an onset ofa VF event
in the recording. For recordings without events t,, may be
thought of as infinity.

The desirable time for alarm is defined as At,, and a time
interval before it, in which an alarm is desirable, but not
alarming is not a mistake, as the “Irrelevant” zone of length
At
The ADF is defined as:

01 < 15, — Ay — Arye (17
V(1) =4 iy, — Aty <t <ipy

arbitrary else

The ADF is used as the “ground truth” for the prediction
model. The considerations for defining the ADF will be
elaborated upon in the discussion section of this paper.

A. Model

The prediction model itself may be thought of as an
estimator of the ADF based on real time measurements of
IBlIs:

B()-BBET) 18)

Due to the use of IBIS rather than the raw ECG signal as
an input to the model, half an hour history is represented by
~2000 time-steps, which means that a considerably small
TCN may be sufficient to have an adequate temporal recep-
tive field. A model with 7 causal diluted convolution layers
and a kernel length of 9 was used, which according to (eq.
2) gives a T=2295 time-step receptive field. The number of
filters was 32 for each convolution layer, the activation
function used was RelLu and a dropout layer was added after
each convolution layer. The output of the convolutional
block was adapted to be a 1-dimensional vector in range
[0,1] using 2 fully connected layers with a ReL.u activation
function in the first and a sigmoid activation function in the
second.

Generating the Training Set

Due to the small number of recordings that contain VF
events, there had to be found a way to present different
versions of the same event to the model, in order to
maximize the learning potential per sample. The following
training paradigm, termed Spotlight Training, was found to
provide favorable results.

Consider a set of S samples:
19

X={®, @5, . .., D5}

with their corresponding ADFs:

Y={W(®), ¥(D,), . . ., ¥(Dy)}

Note that @, and W(P,) are time series of the same length.
So, it can take a corresponding portion of the two series and
use it as a new sample. A length for the split samples must
now be selected, which is long enough for the entire
receptive field, before the time of the alarm:

0)

Aty + Aty 2n

L>T+HR-
>T+ &0

where HR is the mean heart rate in BPM.
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L=8192 was selected, which satisfies the restrictions in
(21) and is still shorter than the shortest recording.

Now for each recording, there is provided a set of all
possible divisions into k recording of length 1,:

w)=(G [N+], @ [N+i+1], - . ., @ [N+i+L])

i=0,1, ..., L-N-L; k=12, ..., S (22)

Next, a subset of these is randomly selected as the samples
“under the spotlight” for the current epoch. By adjusting the
probability for the selection of each sample, one may control
the size of the training set, to ensure it fits into memory.

The training process is performed by minimalizing a
modified version of binary cross entropy loss:

iy, H=1/2(sign()+1) (ay log(P)+(1-yylog(1-9))

acR+ (23)

The supervision function is selected to be the ADF, with
the value -1 in the “Irrelevant” regions. Thus, the first part
of the argument ensures that the loss is zero in the “Irrel-
evant” regions, regardless of the output.

The constant o may be used to weigh the loss according
to the prevalence of the events and correct the fact that the
first part is doubled when y=1. However, there was not
observed a great influence of the values of o on validation
results, so for simplicity a=1 was selected. For better
generalization, added L, regularization was also added:

iy, 910, PN

The weight adjustment was done using the ADAM opti-
mization algorithm.
Testing

The model was implemented using the Python wrapper
library Keras with a TensorFlow backend. Due to the present
dataset being relatively small, LLeave-One-Out testing was
used. Training was done on two GPUs: an NVIDIA®
Tesla® K80 and an NVIDIA® Tesla® K20. It took about
120 hours total, mostly due to the Leave-One-Out testing. A
single experiment took about 40 minutes.
Implementation

After training and testing, the computer program product
of'the invention was implemented as an Android application
running locally on a mobile phone, using IBIs measured by
an Empatica® E4 wristband, and streamed in real time to the
phone using Bluetooth®. The app was tested on two
devices: Samsung® Galaxy® S6 and S7. For efficient imple-
mentation of the prediction model and the preprocessing
procedure, a streamlined open source vector operation JAVA
library was built and termed jVec. Note that a single step of
the TCN can be calculated on constant time complexity.
Results & Discussion
VF Prediction

Prediction results on the Leave-One-Out testing were
calculated as follows: records containing a VF event for
which the system alarmed at least 4 minutes in advance were
counted as true positive (TP), records with an event for
which there was no alarm at an appropriate time were
considered as false negative (FN), records without an event
for which there was an alarm were counted as false positive
(FP) and as true negative (TN) if there was no alarm during
the record. The experiment was run twice and will report the
average results of both runs, due to the stochastic nature of
the training of the model. As noted above:

24

@5

T.
Specificity = TN FP
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-continued
TP (26)

Sensitivity = TPLFN

A specificity of 100% and sensitivity of 62.5% were
achieved. The high specificity is an encouraging result, all
alarms were true alarms, which may suggest that when the
present system does alarm, the alarm should be taken
seriously. The moderate sensitivity is an expectable result
because one of the prevalent mechanisms leading to VF is
ischemia of the cardiac muscle. Such ischemia is usually
caused by occlusion of a coronary artery. If, for example, the
occlusion is caused by an embolus, it might be immediate,
without any preceding process in the heart for a prediction
algorithm to detect. The system did not trigger a single alarm
for any of the healthy patients or the patients with heart
arrythmias other than VF.

Model Architecture

Although even simple classification models, such as sup-
port vector machines (SVM), linear regression, decision
trees, and simple feedforward neural networks, gave good

(up to 98.5%) precision in classification of ?[n] vectors to
“preceding an event” and “not preceding an event”, more
detailed inspection showed that they can’t be used as pre-
diction systems. VF events are rare events, even on suscep-
tible patients. Therefore, models with high classification
precision were simple models that always classified to “not
preceding an event”. Even overfitting on a small dataset
using actual clinical prediction performance measures gave
poor results with such models. These results made us suspect
that a longer history of HRV indices was needed.

The natural choice for a model with a longer memory was
an LSTM, an architecture widely used for time series
analysis. LSTM models were able to overfit a small dataset
when model and training parameters were carefully chosen.
However, the length of the IBI time series which was in the
order of magnitude of 10° made for very long training times,
even when truncated backpropagation was used. When
challenging the effective memory of the model was
attempted with long (>150 timesteps) “Irrelevant” regions,
LSTM models didn’t manage even to overfit. The very long
training times and the considerably short effective memory
made the LSTM models irrelevant to the present problem.

Next the TCN models are tested. First, some overfitting
experiments on single records was performed, which were
an immediate success: training was ~2 orders of magnitude
faster and the effective memory had no effective limits. The
effective memory of a TCN is linear in the kernel length and
exponential in the number of layers, so it is tempting to use
deep architectures, and for some problems they are indeed
necessary (like in raw audio generation, as was done in
WaveNet). A model was aimed for that would fit in a mobile
device, so WaveNet like architectures were irrelevant.
Because IBIs were selected instead of a raw ECG signal, the
“sampling rate” was approximately 1 Hz (if it is assumed
that the heart rate to be 60 BPM), so an effective memory of
2000 timesteps corresponds to a ~30 minutes of the record-
ing. Thus, only 7 diluted convolution layers could be used,
with a kernel length of 9 and have a decent effective
memory. Deeper models started to show vanishing gradient
problems and require more sophisticated model architec-
tures.

ADF Selection and Training

The ADF selection was dictated by practical and clinical

considerations. As one may expect, longer At,, decreased the
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tendency of the model to converge to zero (never sound an
alarm) in the overfitting experiments. Longer At, improved
rate of convergence.

Because VF is a rare event, there is an inherent class
imbalance in the data. Using the data as is, usually gave a
convergence to zero, so two techniques were tried to balance
the data: cost balancing and sample duplication. Cost bal-
ancing is done by giving different costs for the different
classes. In the present cost function (eq. 23) it can be done
by altering the o parameter. Sample duplication is simply
overrepresentation of the rare class in the training set by
duplicating the samples containing VF events. From the
overfit experiments, the superiority of sample duplication to
weighted cost in the prevention of convergence to zero was
clear.

Mobile Device Implementation

The experimental application implementing the model on
a mobile phone ran for full days without visibly affecting
battery life or consuming more than 20 MB of RAM on the
device.

As will be appreciated by one skilled in the art, aspects of
the present invention may be embodied as a system, method
or computer program product. Accordingly, aspects of the
present invention may take the form of an entirely hardware
embodiment, an entirely software embodiment (including
firmware, resident software, micro-code, etc.) or an embodi-
ment combining software and hardware aspects that may all
generally be referred to herein as a “circuit,” “module” or
“system.” Furthermore, aspects of the present invention may
take the form of a computer program product embodied in
one or more computer readable medium(s) having computer
readable program code embodied thereon.

Any combination of one or more computer readable
medium(s) may be utilized. The computer readable medium
may be a computer readable signal medium or a computer
readable storage medium. A computer readable storage
medium may be, for example, but not limited to, an elec-
tronic, magnetic, optical, electromagnetic, infrared, or semi-
conductor system, apparatus, or device, or any suitable
combination of the foregoing. More specific examples (a
non-exhaustive list) of the computer readable storage
medium would include the following: an electrical connec-
tion having one or more wires, a portable computer diskette,
a hard disk, a random access memory (RAM), a read-only
memory (ROM), an erasable programmable read-only
memory (EPROM or Flash memory), an optical fiber, a
portable compact disc read-only memory (CD-ROM), an
optical storage device, a magnetic storage device, or any
suitable combination of the foregoing. In the context of this
document, a computer readable storage medium may be any
tangible medium that can contain or store a program for use
by or in connection with an instruction execution system,
apparatus, or device.

A computer readable signal medium may include a propa-
gated data signal with computer readable program code
embodied therein, for example, in baseband or as part of a
carrier wave. Such a propagated signal may take any of a
variety of forms, including, but not limited to, electro-
magnetic, optical, or any suitable combination thereof. A
computer readable signal medium may be any computer
readable medium that is not a computer readable storage
medium and that can communicate, propagate, or transport
a program for use by or in connection with an instruction
execution system, apparatus, or device.

Program code embodied on a computer readable medium
may be transmitted using any appropriate medium, includ-



US 11,944,444 B2

15

ing but not limited to wireless, wireline, optical fiber cable,
RF, etc., or any suitable combination of the foregoing.

Computer program code for carrying out operations for
aspects of the present invention may be written in any
combination of one or more programming languages,
including an object-oriented programming language such as
Java, Smalltalk, C++, Python or the like and conventional
procedural programming languages, such as the “C” pro-
gramming language or similar programming languages. The
program code may execute entirely on the user’s computer,
partly on the user’s computer, as a stand-alone software
package, partly on the user’s computer and partly on a
remote computer or entirely on the remote computer or
server. In the latter scenario, the remote computer may be
connected to the user’s computer through any type of
network, including a local area network (LAN) or a wide
area network (WAN), or the connection may be made to an
external computer (for example, through the Internet using
an Internet Service Provider).

Aspects of the present invention are described herein with
reference to flowchart illustrations and/or block diagrams of
methods, apparatus (systems) and computer program prod-
ucts according to embodiments of the invention. It will be
understood that each block of the flowchart illustrations
and/or block diagrams, and combinations of blocks in the
flowchart illustrations and/or block diagrams, can be imple-
mented by computer program instructions. These computer
program instructions may be provided to a hardware pro-
cessor of a general-purpose computer, special purpose com-
puter, or other programmable data processing apparatus to
produce a machine, such that the instructions, which execute
via the processor of the computer or other programmable
data processing apparatus, create means for implementing
the functions/acts specified in the flowchart and/or block
diagram block or blocks.

These computer program instructions may also be stored
in a computer readable medium that can direct a computer,
other programmable data processing apparatus, or other
devices to function in a particular manner, such that the
instructions stored in the computer readable medium pro-
duce an article of manufacture including instructions which
implement the function/act specified in the flowchart and/or
block diagram block or blocks.

The computer program instructions may also be loaded
onto a computer, other programmable data processing appa-
ratus, or other devices to cause a series of operational steps
to be performed on the computer, other programmable
apparatus or other devices to produce a computer imple-
mented process such that the instructions which execute on
the computer or other programmable apparatus provide
processes for implementing the functions/acts specified in
the flowchart and/or block diagram block or blocks.

The flowcharts and block diagrams in the Figures illus-
trate the architecture, functionality, and operation of possible
implementations of systems, methods and computer pro-
gram products according to various embodiments of the
present invention. In this regard, each block in the flowchart
or block diagrams may represent a module, segment, or
portion of code, which comprises one or more executable
instructions for implementing the specified logical
function(s). It should also be noted that, in some alternative
implementations, the functions noted in the block may occur
out of the order noted in the figures. For example, two blocks
shown in succession may, in fact, be executed substantially
concurrently, or the blocks may sometimes be executed in
the reverse order, depending upon the {functionality
involved. It will also be noted that each block of the block
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diagrams and/or flowchart illustration, and combinations of
blocks in the block diagrams and/or flowchart illustration,
can be implemented by special purpose hardware-based
systems that perform the specified functions or acts, or
combinations of special purpose hardware and computer
instructions.

The descriptions of the various embodiments of the
present invention have been presented for purposes of
illustration\ but are not intended to be exhaustive or limited
to the embodiments disclosed. Many modifications and
variations will be apparent to those of ordinary skill in the
art without departing from the scope and spirit of the
described embodiments. The terminology used herein was
chosen to best explain the principles of the embodiments, the
practical application or technical improvement over tech-
nologies found in the marketplace, or to enable others of
ordinary skill in the art to understand the embodiments
disclosed herein.

In the description and claims of the application, each of
the words “comprise” “include” and “have”, and forms
thereof, are not necessarily limited to members in a list with
which the words may be associated. In addition, where there
are inconsistencies between this application and any docu-
ment incorporated by reference, it is hereby intended that the
present application controls.

What is claimed is:

1. A method of training a machine learning model to
predict an onset of a Ventricular Fibrillation (VF) event, on
a training set, the method comprising:

(1) extracting Heart Rate Variability (HRV) parameters
from temporal beat activity signal samples, wherein at
least some of said samples include a representation of
a VF event, and

(i) labelling the signal samples with labels associated
with one of: a first period of time immediately preced-
ing a VF event in a temporal beat activity sample, a
second period of time immediately preceding the first
period of time in a temporal beat activity sample, and
all other periods of time in a temporal beat activity
sample, wherein said training set is generated by:

(1) segmenting each of said samples into a plurality of
sample segments, based, at least in part, on a specified
minimum number of said beats in each of said sample
segments;

(i1) randomly selecting one or more subsets of said sample
segments from said plurality of sample segments; and

(iii) combining one or more of said subsets into said
training set.

2. The method of claim 1, wherein some of said samples

do not include a representation of a VF event.

3. The method of claim 1, wherein said specified mini-
mum number is determined, at least in part, based on a size
of a desired receptive field of said machine learning model.

4. The method of claim 3, wherein said segmenting is
based, at least in part, on detecting beat intervals in said
signal samples.

5. The method of claim 1, wherein said HRV parameters
are determined, at least in part, based on an HRV feature
vector extracted from said signal samples.

6. The method of claim 1, wherein said signal is at least
one of an action potential signal, an electrogram signal, an
electrocardiograph (ECG) signal, and a photoplethysmo-
gram (PPG) signal.

7. The method of claim 1, wherein said HRV parameters
include at least one of: Average NN interval duration
(AVNN); standard deviation of NN interval duration
(SDNN); a square root of the mean of the sum of the squares
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of differences between adjacent NN intervals (RMSDD);
percent of NN interval differences greater than xx millisec-
onds (pNNxx); coeficient of variation (CV); variance of the
Modified Shannon Entropy across consecutive beat intervals
(yyVar); very low frequency (VLF) band power; low fre-
quency (LF) band power; high frequency (HF) band power;
VLF, LF, and HF power combined; ratio between VLF
power and the power of all VLF, LF, and HF bands com-
bined; ratio between LF power and the power of VLE, LF,
and HF bands combined; ratio between HF power and the
power of all VLF, LF, and HF bands combined; ratio
between LF power and HF power; slope of the log-log
frequency plot in the VLF band; percentage of inflection
points (PIP); inverse average length of the acceleration/
deceleration segments (IALS); percentage of short segments
(PSS); and a percentage of NN intervals in alternation
segments (PAS).

8. The method of claim 1, wherein said extracting further
comprises filtering said signal samples to remove beats
associated with non-normal sinus node polarizations.

9. The method of claim 8, wherein said filtering is based
on one or more of: range-based filtering, moving average
filtering, and quotient filtering.

10. The method of claim 1, wherein said machine learning
model comprises a convolutional neural network (CNN).

11. The method of claim 10, wherein said CNN is a
temporal convolutional network (TCN).

12. A method of predicting an onset time of a VF event,
the method comprising:

receiving, as input, target Heart Rate Variability (HRV)
parameters representing temporal beat activity in a
subject; and

applying a trained machine learning model to said target
HRV parameters, to predict the onset time of a VF
event in said subject,

wherein the machine learning model is a convolutional
neural network (CNN) trained to predict an onset of a
Ventricular Fibrillation (VF) event, on a training set com-
prising:

(1) Heart Rate Variability (HRV) parameters extracted
from temporal beat activity signal samples, wherein at
least some of said samples include a representation of
a VF event, and

(ii) labels associated with one of: a first period of time
immediately preceding a VF event in a temporal beat
activity sample, a second period of time immediately
preceding the first period of time in a temporal beat
activity sample, and all other periods of time in a
temporal beat activity sample,

wherein said training set is generated by:

(1) segmenting each of said samples into a plurality of
sample segments, based, at least in part, on a specified
minimum number of said beats in each of said sample
segments;
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(i1) randomly selecting one or more subsets of said sample
segments from said plurality of sample segments; and

(iii) combining one or more of said subsets into said
training set.

13. The method of claim 12, wherein said target HRV
parameters are extracted from a signal representing beat
activity, and wherein said signal is acquired from said
subject in real time.

14. The method of claim 12, further comprising segment-
ing said target signal into a series of consecutive segments,
wherein each of said segments comprises (i) a current beat,
and (ii) a specified number of immediately preceding beats.

15. The method of claim 14, wherein said specified
number is between 60 and 1000.

16. The method of claim 12, wherein said extracting
comprises continuously extracting said target HRV param-
eters from each of said segments in said series of consecu-
tive segments, and wherein said applying comprises apply-
ing said machine learning algorithm to each of said extracted
¢ HRV parameters.

17. The method of claim 12, wherein said predicting
further comprises issuing a notification with respect to said
onset time of said VF event, and wherein said notifications
is issued within a specified time of said predicted onset time
of said VF event.

18. The method of claim 12, wherein said HRV param-
eters are determined, at least in part, based on an HRV
feature vector extracted from said signal samples.

19. The method of claim 12, wherein said HRV param-
eters include at least one of: Average NN interval duration
(AVNN); standard deviation of NN interval duration
(SDNN); a square root of the mean of the sum of the squares
of differences between adjacent NN intervals (RMSDD);
percent of NN interval differences greater than xx millisec-
onds (pNNxx); coeficient of variation (CV); variance of the
Modified Shannon Entropy across consecutive beat intervals
(vyVar); very low frequency (VLF) band power; low fre-
quency (LF) band power; high frequency (HF) band power;
VLF, LF, and HF power combined; ratio between VLF
power and the power of all VLF, LF, and HF bands com-
bined; ratio between LF power and the power of VLE, LF,
and HF bands combined; ratio between HF power and the
power of all VLF, LF, and HF bands combined; ratio
between LF power and HF power; slope of the log-log
frequency plot in the VLF band; percentage of inflection
points (PIP); inverse average length of the acceleration/
deceleration segments (IALS); percentage of short segments
(PSS); and a percentage of NN intervals in alternation
segments (PAS).



